ABSTRACT
Introduction
Brazil is well known for its high inequality and poverty levels, even by Latin American standards. For instance, according to Londoño and Székely (2000) , Brazil has the highest Gini index in Latin America and also the third-highest proportion of people below the US$ 2-a-day poverty line after Honduras and Panama. One of the most striking features of income inequality in Brazil is the large socioeconomic discrepancy between population groups based on skin color.
Three and a half centuries of a slavery-based economy has endowed Brazil with the second largest population of people of African descent after Nigeria, who account for almost one half of all Brazilians: there were 79.6 million browns and 11.6 million blacks in a total population of 184.4 million in 2005. Despite the lack of legally sanctioned racism since slavery was abolished in 1888, this system has left a legacy of social discrimination against Afro-Brazilians, who are more likely to be members of socially disadvantaged groups. Indeed, the 2005 UNDP report specified the indicator contrast to 14 percent of whites falling into this group. This paper addresses this racebased discrepancy in poverty risk faced by Brazilians.
There are several possible explanations for poverty rates differing between racial groups. Colored people are clearly overrepresented in those groups at a higher risk of being below the poverty line. Indeed, compared to whites, a higher proportion of colored people live in the poor north of the country, in the most-rural areas, and in families with a large number of children. While participation rates in the labor market do not differ substantially between these groups, blacks and browns drop out of the education system earlier and more often work in low-paid occupations. However, the extent to which each of these factors contributes to the overall discrepancy in poverty 2 levels is unclear. Further, there is evidence that the impacts of individual characteristics on the poverty risk differ between racial groups. For instance, the existence of discrimination in the labor market against Afro-Brazilians has been widely debated, and there is also evidence that the quality of the education varies between racial groups. Both of these factors result in Afro-Brazilians receiving lower returns from their schooling and from their experiences in the labor market, which reduces their ability to obtain the income necessary to escape from poverty.
The aim of this study was to identify the major factors responsible for the discrepancy in poverty levels between Brazilian racial groups. We used an Oaxaca-Blinder-type decomposition for nonlinear regressions to measure to the extent to which differences in observed geographic, sociodemographic, and labor characteristics, such as the number of children or years of schooling, account for this discrepancy (characteristics effect). The remaining unexplained part (coefficients effect) provides evidence on how the same characteristics differentially impact on the poverty risk of each group. A detailed decomposition of both effects allows the individual contribution of each characteristic to be determined. The results of this analysis will help in determining which social policies are more likely to be effective at reducing this race-based poverty gap.
The structure of the paper is as follows. In the following section we describe the data and review the main socioeconomic patterns between racial groups in Brazil. We then introduce the decomposition technique and present the empirical results. The final section summarizes the main conclusions.
Poverty by race in Brazil
Data and definitions browns, 26,129 blacks, and 2,323 observations either belonging to other minorities (Asians and indigenous) or not classified. Sample weights must be applied to the observations in order to obtain unbiased estimates of the population parameters. In our analyses we pooled browns and blacks into the same group (Afro-Brazilians or colored people), since African descent could choose either of these categories under the influence of social stigma attached to blackness, 3 and given that despite apparent differences in their socioeconomic performance, we show below that the probability of being at risk of poverty is the same in both groups after controlling for the relevant characteristics.
No official poverty line is applied to Brazil, and so we defined the poverty line as 50 percent of the median per-capita income. In 2005 this poverty threshold corresponded to R$ 120 (about US$ 54), which also corresponds to the current maximum administrative limit to be eligible for the means-tested Bolsa Familia assistance program. This will help our results to be used in the context of traditional administrative poverty lines in Brazil. 4 For the sake of robustness we also repeated the analysis based on an alternative threshold (60 percent of the median) and a standard equivalent scale (square root of the household size) 5 .
We Telles (2002) , among others, supports this view arguing that the white-nonwhite distinction is less ambiguous. After comparing the consistency in a specific survey between interviewer and respondent categorizations, he showed that racial classification between black and brown is more influenced by characteristics such as education, gender, age or local racial composition. 4 In a similar way, Ferreira et al. (2006) used a 2004 threshold of R$ 100 in their study, which was the initial limit of the program. Several other studies have set the threshold at half the minimum wage (or a quarter of this to define extreme poverty). 5 According to the parameterization of Buhman et al. (1988) . 4 reported) for two reasons: (i) for comparability, given that in 1992 some new definitions for labor variables were introduced by the PNAD, making the comparison with previous surveys difficult, 6 and (ii) the 1980s in Brazil were characterized by high macroeconomic instability, with a high volatility also evident in the poverty indices. After stabilization was achieved at the beginning of the 1990s, poverty levels began a steady downward trend to the present day (Ferreira et al., 2006) . In order to measure the changes in absolute poverty levels between 1992 and 2005, our poverty threshold for the first year was set to the same 2005 R$ 120 level, while for capturing changes in relative poverty it was set at half the contemporary median income (2005 R$ 85.24).
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Poverty and households characteristics in Brazil
In 2005 the average per-capita income in Brazil was R$ 440, and about 23 percent of the population is considered to be poor according to the poverty line described above.
The magnitudes of racial differences in Brazil are striking. Japanese descent) exhibit an average per-capita income that is 87 percent higher than that of whites and a poverty rate of only 7 percent, while the indigenous minority shows similar patterns to those of blacks and browns. However, these minorities were excluded from the subsequent analyses since they account for less than 1 percent of the population. 6 Comparing data between 1992 and 2005 is not straightforward, due to the need to restrict the 2005 sample geographically, as already mentioned, and construct employment variables based on different classifications for occupations. 7 We adjusted the 1992 income using the INPC time deflator reported in Ferreira et al. (2006) .
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The poverty rates differ between Afro-Brazilians and whites for all household types considered in Table 2 , but not to the same extent. The ratio of poverty rates for colored people compared to those for whites is higher for households living in urban areas in the rich south and southeast of the country. This ratio increases with the number of years of schooling completed by the household head, and is larger when he or she is economically inactive or works in the formal sector in industries other than agriculture and domestic service. Table 2 This large race-based discrepancy in poverty rates might primarily result from AfroBrazilians being overrepresented in those socioeconomic groups at a higher risk of poverty. This can be inferred from most groups reported in Table 2 exhibiting a ratio of poverty levels lower than that for the whole population, which is evidence of a composition effect. Indeed, as Table 3 indicates, colored people account for at least 70 percent of the population in states located in the two poorest geographic regions in Brazil (the north and northeast). In contrast, whites represent 81 and 58.5 percent of those in two of the richest regions in the south and southeast of the country, with the latter including the main metropolises of São Paulo and Rio de Janeiro. AfroBrazilians represent the majority (55.5 percent) in only one relatively rich region, the center-west, where the capital (Brasilia) is located. Differences in population shares are even more pronounced when rural and urban areas are distinguished, given that 20 percent of browns live in the former against only 13 percent of whites (and 12 percent of blacks). As a consequence, whites are underrepresented in the rural areas of all regions (where poverty is twice as high as in urban areas) except for the southern states. Table 3 Colored people tend to live in larger households: they have 4.6 members on average compared to 4.0 for whites (Table 4) . Afro-Brazilian households have more dependents: especially children, on average 1.6 are aged 15 years or less compared to 1.2 for whites; but also young adults, 0.7 are between 16 and 45 years, compared to 0.6 for whites. However, the number of older dependents (older than 45 years) in the household is slightly lower for Afro-Brazilians (0.13) than for whites (0.15). This of course reflects Afro-Brazilians being, on average, younger than whites. This is 6 compensated by the number of people receiving incomes in the household also being larger for Afro-Brazilians, although the difference relative to whites is less, reflecting a higher degree of dependency in colored households: on average 48 percent of their household members do not receive incomes, in contrast to 42 percent in white households. Table 4 One of the main characteristics that could explain the racial poverty gap is education.
It is well documented that Brazil exhibits one of the most unequal distributions of years of education in the world (Ferranti et al., 2003 given that colored people drop out of the education system at a younger age. Table 4 indicates that the adult illiteracy rate is 15 percent among Afro-Brazilians, in contrast to 7 percent for the white population. Additionally, the proportion of colored people aged at least 25 years who had no education is about 21 percent and the proportion with 15 or more years of studies is lower than 4 percent, while the corresponding percentages are 10 and 12 percent for whites. Differences in the quality of education have often been stressed as important reasons for opportunities inequalities in Brazil (v.gr. Leite, 2005) , because students from the poorest families are overrepresented in public schools, which typically provide education of lower quality. Indeed, according to our own estimates, the proportion of students aged 16 years or less attending a private school is 22 percent for whites but only 11 percent for Afro-Brazilians. This difference in proportions increases for those aged over 18 years: 48 and 21 percent of whites and Afro-Brazilians attend a private institution, respectively. There is also evidence that Afro-Brazilians attending university are underrepresented in those degrees that lead to higher earnings (UNDP, 2005).
Finally, Table 5 reports how different racial groups perform in the labor market. The proportion of people aged at least 16 years in employment is similar in both groups, at about 64 percent, and they also work a similar number of hours per week (43 hours).
There is only a smaller participation (of 1 percent) in the case of colored females, who 7 also work 1 hour less than whites. Afro-Brazilian males and females show higher activity rates, but these are offset by a greater risk of unemployment. However, there is strong evidence of racial segregation by occupation and industry, with whites being overrepresented among employers, managers, and professional employees in both the public sector and the formal private sector, and being underrepresented among employees and the self-employed in agriculture and domestic services, as well as among informal and unpaid workers. Nevertheless, the main racial difference is evident in average hourly earnings, which is R$ 6.50 for white men but only R$ 3.60
for colored workers (note that the difference is only slightly smaller for females). As a consequence, average monthly earnings are R$ 1,034 for whites but only R$ 550 for Afro-Brazilians. The extent to which these differences in earnings between white and colored workers in Brazil reflect pay discrimination and segregation has been widely explored in recent years. For instance, Arcand and D'Hombres (2004) concluded that wage discrimination accounted for 36 and 23 percent of the racial wage discrepancy for blacks and browns, respectively, while occupational segregation explained an additional 8 and 5 percent. Campante et al. (2004) reported a contribution of 26 percent for wage discrimination among Afro-Brazilians, while Leite (2005) found a reduced value of 11 percent after controlling for differences in the mother's education, emphasizing the role played by intergenerational transmission of education in the observed race-based pay gap. Table 5 Methodology: multivariate decomposition analysis with nonlinear regression
We examined the contribution of household characteristics to the discrepancy in poverty rates among racial groups in Brazil by applying an extension of the wellknown regression-based Oaxaca-Blinder decomposition approach to the probability of being poor. 8 In our framework, the i-th person in group g is considered poor when his or her household income g i y falls below the poverty line, z. Then, under a logit probabilistic model, the likelihood of this person being poor ( 
In this type of nonlinear relationship it is widely accepted that the difference in incidence rates between two given groups 0 and 1,
can be decomposed into two terms,
which represent, respectively, the aggregate characteristics effect and the aggregate coefficients effect when 0 is taken as the reference group. In our empirical analysis we compared poverty rates between Afro-Brazilians and whites. The latter group shows the lowest poverty incidence and hence is used as the reference (g=0).
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To evaluate the individual contribution of each variable (or set of variables) to the total difference, which is usually referred to as the detailed decomposition, we follow the method proposed by Yun (2004) , which is valid for any nonlinear function F and is a generalization of the decomposition of Even and Macpherson (1990, 1993) of 9 See, for instance, Gang et al. (2006) and Bhaumik et al. (2006) for the analysis of intergroup poverty rates in India and Kosovo, or Biewen and Jenkins (2004) and Quintano and D'Agostino (2006) who examined intercountry differences in poverty levels. A similar decomposition is found in other (nonlinear) contexts: Gomulka and Stern (1989) analyzed the changes in the employment of married women; Ham et al. (1998) analyzed intercountry differences in the duration of unemployment; Farlie (1999 Farlie ( , 2005 analyzed the racial discrepancies in the transition rate into self-employment and in computer ownership; Nielsen (1998 Nielsen ( , 2000 analyzed the gender discrepancy in the formal sector employment and child labor incidence; Bevelander and Nielsen (2000) analyzed the employment success of immigrants; and Gang et al. (2002) analyzed attitudes toward foreigners in the European Union. Alternative decomposition strategies of the aggregate effects can be found in Borooah and Iyer (2005a,b) and Even and Macpherson (1990, 1993) . 10 Note that for the sake of robustness the analysis was repeated with the alternative assumption.
only the characteristics effect.
11 The detailed decomposition of Yun (2004) is given 
These weights were obtained in Yun (2004) This technique has a few advantages over other proposed methods that appear in the literature. First, the weights are quite transparent and simple to compute because this only requires estimates of the coefficients and sample means of the characteristics.
Second, this procedure overrides the problem of path dependency that is common to all sequential approaches to nonlinear models, where values of characteristics and/or coefficients of one group need to be switched with those of the other group. 13 Third, unlike these sequential approaches, the detailed characteristics effect can be obtained without making any assumptions to match individuals of one group with the characteristics of another. 14 Finally, the original Oaxaca-Blinder approach is shown to be a particular case of this decomposition when F is a linear function.
11 This approach was used by, among others, Gang et al. (2006) , Bhaumik et al. (2006) , and Gang et al. (2002) . 12 An alternative linearization strategy can be found in Doiron and Riddell (1994) . 13 Sequential approaches have been applied to, for instance, detailed decompositions of both effects (Gomulka and Stern, 1999) and of only the characteristics effect (Farlie, 1999 (Farlie, , 2005 Ham et al., 1998) . The latter involves computing an average of all possible permutations of characteristics in order to override path dependency. 14 Sequential approaches require a matching assumption to be imposed. For instance, Fairlie (1999 Fairlie ( , 2005 ) drew a random subsample from the largest group that was equal in size to the smallest group. Both groups of observations were ranked according to their predicted probabilities and matched by However, an additional and well-known problem that needs to be addressed is that detailed decompositions of the coefficients effects suffer from severe identification difficulties. 15 This is because the contribution of a dummy variable to this effect will vary with the choice of the reference group, and this applies to any set of dummy variables. 16 For this reason, several researchers have undertaken detailed decompositions of only the characteristics effect, which is not affected by this problem. 17 To tackle this difficulty we use normalized regressions in computing weights in (5), as proposed by Gardeazabal and Ugidos (2005) and Yun (2005a, b) .
This method has the advantage of being invariant to the "left-out" reference category in computing the contribution of dummy variables to the detailed coefficients effect.
Further, it alters neither the detailed characteristics effect nor the contribution of continuous variables to the coefficients effect.
After suppressing group superscripts for simplicity, we can rewrite our model in (1) as
where there are L continuous variables X and M sets of categorical variables D, where the m-th set has K m categories and K m -1 dummy variables in the equation, with the reference group being the first category of each set of dummy variables. Then, the normalized equation is given by
where the parameters for the intercept, continuous variables, and dummy variables are, respectively, their respective rankings when computing the change in the characteristics effect. The final estimate was produced by computing the mean effect after repeating this exercise a large number of times. 15 Jones (1983) pointed out the problem of identifying the contribution of the intercept using the approach of Blinder (1973) in the presence of a set of dummy variables. Oaxaca and Ransom (1999) showed, more generally, that conventional decompositions cannot identify the separate contribution of dummy variables because it is only possible to estimate the relative effect of a dummy variable. However, Gelbach (2002) argued that the problem is not of identification, but of population heterogeneity in parameter estimates. 
Results

Poverty regressions
Our analysis started with multivariate logit regressions explaining the likelihood of a person being poor. Our explanatory variables included certain characteristics of the head of the household: sex, age, years of schooling, illiteracy, geographic mobility (indicating the area of origin), and a set of variables describing the labor participation by the head and the characteristics of the job. Other variables included the state and whether the household resided in an urban or rural area, as well as the number of other household members, distinguishing the number of dependents (by age intervals) from the number of income receivers. We considered the number of workers in different job categories (controlling for the average number of weekly hours worked) and of unemployed adults receiving nonlabor income in the household. In each case a distinction was made according to age, sex, and years of studies. Given that we estimated the probability of a person being poor with explanatory variables collected at the household level, our estimated robust standard errors take into account individuals being "clustered" across households. The benchmark person is a lone male aged between 16 and 24 years, illiterate with no schooling, employed in the informal agrarian sector in a rural area in Minas Gerais (southeastern region), and born in the same municipality as where he currently lives. Summary statistics for the explanatory variables and the estimated coefficients of all regressions are given in the Appendix. 18 A similar problem affects affine transformations of continuous regressors that involve a location parameter. As Yun (2005a) pointed out, unlike categorical variables, the problem related to a continuous variable cannot be resolved because there are infinitely many transformations. Therefore, one has to rely on specifications that make sense and are widely accepted in the literature.
First, a regression for the pooled sample of Brazilians run with dummy variables for all nonwhite groups showed that being black, brown, or indigenous was strongly positively correlated with the likelihood of being poor (with coefficients of around 0.30 and higher), while being Asian showed no significant effect. 19 However, there was no significant difference between blacks and browns after controlling for other characteristics.
We then estimated regressions separately for whites and Afro-Brazilians; the results are also presented in the Appendix. 20 In general, our results suggest that the coefficients are similar in sign for both racial groups, although they differ in magnitude and statistical significance. Compared to the reference case, living in an urban area and in the center-west and south of the country, as well as in states such as Rio de Janeiro, São Paulo, or Santa Catarina has a significant and negative effect on poverty risk, which is generally larger for Afro-Brazilians, while living in northeastern and some northern states has a significant and strongly positive effect (more clearly in the case of whites). Single-mother-headed households are more likely to be poor in both groups, as are other Afro-Brazilians female-headed households, but not white ones. Single-family households and those comprising a couple with many dependents face a higher risk of being poor. Indeed, the number of dependents has a significant and large impact on poverty, especially in terms of the numbers of young children and of adults older than 45 years. The older and more educated the household head, the lower the probability of being poor. The risk of falling into poverty decreases when the head is originally from a different municipality, especially when this is in the center-western region or abroad.
The risk of poverty increases when the head of the household is unemployed and decreases when he or she is economically inactive or, especially, when he or she works as an employer or as a skilled formal employee in industries other than agriculture or domestic service. Working more hours has a greater effect on reducing the poverty risk for whites. The poverty risk increases with the number of employed 13 children (aged between 10 and 15 years) in colored households, which reflects that their contribution to household income is too small to compensate the increase in household needs. However, the presence of more employed adults is generally associated with lower poverty. This latter effect increases with an increased number of years of education, increased weekly hours of working, and decreased number of female workers. The impact is also substantially larger in formal and skilled occupations. The number of unemployed adults in the household receiving nonlabor income, especially if they are male and with either low or high education, is also significantly negatively correlated with the likelihood of the household members being poor. These effects appear to be stronger for whites and have a U-shaped relationship with education. This might be due to those with low education being more likely to be eligible for social assistance programs, while those with higher education have better access to other sources of income (e.g., pension benefits or properties).
Decomposition analysis: aggregate and detailed effects
Based on the above estimates, the poverty gap between Brazilian racial groups, shown in Table 6 , was decomposed into aggregate characteristics and coefficients effects as indicated in Table 7 . The aggregate decomposition shows that combining the observed characteristics explained a large proportion of the raw difference in poverty levels between Afro-Brazilians and whites (85.6 percent according to the estimated model). This means that if colored people had the same characteristics as whites in Brazil, the observed discrepancy in poverty rates (18.4 percent) would be narrowed to 2.6 percent -this is the conditional racial poverty gap. This value corresponds to the remaining unexplained part (i.e., the coefficients effect) accounting for 14.4 percent of the raw difference. Tables 6 and 7 A detailed decomposition of the characteristics effect, also displayed in We have revealed that differences in characteristics explain the largest part of poverty discrepancies. However, there is also evidence that the same factors can have quite different impacts on the race-based variation in the probability of being poor. The overall impact of the coefficients effect is 14.4 percent of the raw discrepancy, as mentioned above. Table 7 also provides the detailed decomposition of the coefficients effect using the normalized regressions reported in the Appendix. The most salient point is that after controlling for education and occupation, the number of hours worked by Afro-Brazilians has a lower impact on their poverty risk compared to 21 Here we discuss the effect of sets of characteristics while the complete list of individual detailed effects is reported in the Appendix. We also performed a similar analysis with Afro-Brazilians as the reference group, which indicated that the results were quite robust: the explained part was only slightly larger (at 87.9 percent), and accordingly the conditional poverty gap was smaller (2.2 percent, that is, 12.1 percent of the raw gap). The main factors explaining the discrepancy would be roughly the same, with a slightly larger contribution of labor and demographic variables (46.6 and 24 percent of the discrepancy, respectively), and smaller contribution from geographic variables (17.4 percent). 22 The role played by the education and labor market performance of household members in explaining the racial poverty gap is increased (to 48.9 percent of the raw discrepancy) when the square root of household size is used to adjust incomes. This increase is at the expense of the contribution made by the number of dependent children/young, which appears to be quite sensitive to the change in the equivalence scale. Its contribution would be reduced to 14 percent, but it is noteworthy that combining this with an increase in the role played by the state of residence (to 20.7 percent) would leave the overall characteristics effect unaffected. In contrast, if the poverty line is increased to 60 percent of the median, the overall characteristics effect would be slightly larger (87.4 percent), mainly due to a small increase in the contribution of the number of dependents (up to 22.2 percent), with only a small variation in the other effects. If both methodological changes are implemented simultaneously, the effects of the first shift would predominate. In this case the conditional poverty gap would be 2.9 percent, not far from 2.6 percent shown in our main specification. 
Conclusions
In this study we investigated why poverty in Brazil is so much higher for AfroBrazilians than for whites. We have shown that this discrepancy affects most types of household, but especially those with more-educated members who live in urban areas in the rich southern and southeast states of the country. Our use of an Oaxaca-Blinder extension for nonlinear regressions revealed that differences in observed characteristics account for almost 86 percent of the difference in poverty levels between whites and Afro-Brazilians. Labor-related characteristics fueled by differences in years of schooling of household members contribute the most, at least one half of what can be explained. Geographic and demographic factors (the number of dependents) also explain another significant part of the raw gap.
We have additionally shown that despite this large characteristics effect, there remains a significant unexplained part reflected by the lower impact of hourly earnings on poverty risk (especially those worked by the head). This is the consequence of the lower opportunities for Afro-Brazilians in the labor market, which probably results from unequal access to high-quality education and persisting segregation and discrimination in the labor market.
The sharp reduction in the skin-color-related differences in the incidence of absolute poverty from 1992 to 2005 was driven by geographic and demographic variables, with the factors of education and performance in the labor market showing smaller changes and hence becoming more important explanatory factors. The decrease in the racial gap was due to a lower characteristics effect, but the conditional gap was only slightly reduced between absolute poverty levels and even increased between relative poverty rates.
The main policy implication of this decomposition analysis is that the most effective measures for removing race-based differences in poverty risk are bridging the huge educational gap between Brazilians, and compensating poor households with dependent children, as well as reducing regional disequilibria, even if some of these changes would only be effective over a long time period. The Bolsa Familia program, in which cash payments to poor families with children are conditional on their schooling, may represent a step in the right direction for reducing both the overall poverty and the race-based poverty gap. 
